Abstract There is currently a void in the scientific literature on the cortical beta oscillatory activity that is associated with the production of leg motor actions. In addition, we have limited data on how these cortical oscillations may progressively change as a function of development. This study began to fill this vast knowledge gap by using highdensity magnetoencephalography to quantify the beta cortical oscillatory activity over a cross-section of typically developing children as they performed an isometric knee target matching task. Advanced beamforming methods were used to identify the spatiotemporal changes in beta oscillatory activity during the motor planning and motor action time frames. Our results showed that a widespread beta event-related desynchronization (ERD) was present across the pre/postcentral gyri, supplementary motor area, and the parietal cortices during the motor planning stage. The strength of this beta ERD sharply diminished across this fronto-parietal network as the children initiated the isometric force needed to match the target. Rank order correlations indicated that the older children were more likely to initiate their force production sooner, took less time to match the targets, and tended to have a weaker beta ERD during the motor planning stage. Lastly, we determined that there was a relationship between the child's age and the strength of the beta ERD within the parietal cortices during isometric force production. Altogether our results suggest that there are notable maturational changes during childhood and adolescence in beta cortical oscillatory activity that are associated with the planning and execution of leg motor actions.
Introduction
Prior experimental work has well established that the brain maintains and updates an internal model that is used to formulate a motor plan for predicting the ideal muscle synergies that will achieve a motor goal (Shadmehr 2004; Wolpert 2007 ). This internal model is based on the sensory feedback in response to prior attempts at the motor task, and knowledge of the success in achieving the goal state. Over the past decade, neuroimaging of movement-related brain activity has substantially advanced our understanding of how humans plan and produce goal directed movements. Prior positron-emission tomography (PET) and functional magnetic resonance imaging (fMRI) studies have shown that the production of motor actions involves the activation of a distributed network that includes the primary sensorimotor cortices, secondary somatosensory area, supplementary motor area (SMA) and the cingulate motor areas, with activity in each of these regions being stronger in the & Max J. Kurz mkurz@unmc.edu contralateral hemisphere but generally present in both hemispheres (Luft et al. 2002; Sahyoun et al. 2004; MacIntosh et al. 2004; Kapreli et al. 2006 ). In addition, such studies also established that the production of motor actions involves regionally-specific subcortical activations within the basal ganglia, thalamus and cerebellum. More recent fMRI experimental work has identified that the locus of motor planning activity likely involves distributed network activation across the fronto-parietal cortices, primary motor cortices, premotor cortices, the SMA and the dorsolateral prefrontal cortices (Beurze et al. 2007; Gallivan et al. 2011 Gallivan et al. , 2013 Valyear and Frey 2015) . Our understanding of the brain networks that serve the planning and execution of motor actions is largely based on experiments with the upper extremities. In fact, there is a vast knowledge gap on the neural regions that are involved in the production of leg motor actions. Studying leg motor actions has historically been more difficult due to the increased probability of head movements, the greater chance of artifacts resulting from the movement of the large leg mass within the MRI scanner's magnetic field, and the challenge of building magnetically silent devices that can be used to concurrently measure the biomechanics of the leg motor actions while in a supine position (Seto et al. 2001; Barry et al. 2010) . Outcomes from the few investigations that have been conducted have shown that the production of self-paced toe, ankle, and knee motor actions arise from the same cortical and subcortical areas seen in the prior upper extremity experiments, but emanate from different neural populations within each area (Johannsen et al. 2001; Luft et al. 2002; Dobkin et al. 2004; Ciccarelli et al. 2005; Kapreli et al. 2006; de Almeida et al. 2015) . However, beyond this anatomical information, we still have limited understanding of how these cortical areas are involved in the planning and production of leg motor actions.
Outcomes from electroencephalography (EEG), magnetoencephalography (MEG) and invasive electrocorticography (ECoG) experiments have shown that prior to the onset of movement, cortical oscillatory activity decreases in the beta frequency range (15-30 Hz) and this is sustained throughout the majority of the movement (Pfurtscheller and Berghold 1989; Crone et al. 1998; Cassim et al. 2000; Kaiser et al. 2001; Alegre et al. 2002; Pfurtscheller et al. 2003; Kilner et al. 2005; Jurkiewicz et al. 2006; Miller et al. 2007; Wilson et al. 2010; Tzagarakis et al. 2010; Wilson et al. 2011 Wilson et al. , 2014 HeinrichsGraham and Wilson 2015a) . This decrease in the amount of power within the beta frequency band, commonly termed beta desynchronization, is thought to reflect task-related changes in the firing rate of local populations of neurons, as they begin to prepare for the specific demands of the pending motor action. The consensus is that this beta event-related desynchronization (ERD) is related to the formulation of a motor plan, because it occurs well before the onset of movement and is influenced by the certainty of the movement pattern to be performed (Kaiser et al. 2001; Alegre et al. 2003; Tzagarakis et al. 2010; Grent-'t-Jong et al. 2014; Heinrichs-Graham and Wilson 2015b; Tzagarakis et al. 2015) . Typical beta ERD responses involve widespread bilateral activity across the fronto-parietal cortical areas, with the strongest maxima contralateral to the effector producing the motor action and following the basic homuncular topology seen in the pre/post central gyrus. Additional areas of concurrent beta ERD activity often include the premotor area, SMA, parietal cortices and mid cingulate (Jurkiewicz et al. 2006; Tzagarakis et al. 2010; Wilson et al. 2014; Tzagarakis et al. 2015) . Once again these insights have primarily been derived from finger or hand movements, as only a limited number of MEG/EEG investigations have been performed for selfpaced leg motor actions. The outcomes from these investigations have shown that a similar beta ERD can be seen in the electrodes that overlie the rolandic region (e.g., Cz; Pfurtscheller 1996, 2001; Wheaton et al. 2008) , but these studies did not identify the anatomical correlates. Thus, despite these initial insights, we still have an incomplete understanding of the spatial location and inherent dynamics of the beta oscillations that serve leg motor actions.
Compared with adults, children take longer to plan their leg motor actions and their motor plans are often inaccurate (Davies et al. 2015) . These behavioral results imply that the cortical computations that are used for motor planning may not be fully established in children. A related hypothesis is that the information processing speed may be slower in children because the white matter tracts that support the planning and execution of motor actions are not fully developed (Scantlebury et al. 2014) . Prior MEG investigations have also shown that the strength of the beta ERD during finger movements may systematically increase in the contralateral primary motor cortices as children mature (Gaetz et al. 2010) , while systematically decreasing in secondary motor regions (e.g., SMA, cerebellum, and parietal; Wilson et al. 2010) . Potentially, these results suggest that older children have greater certainty in the cortical computations that are involved in the planning of motor actions, and consequently rely less on input from secondary motor regions because their neurological system is more mature. However, this view is considerably speculative, as only a limited number of studies have evaluated the developmental trajectory of the cortical dynamics.
In summary, there are clear gaps in the scientific literature on the cortical beta oscillatory activity that is associated with the production of leg motor actions, and in how these cortical oscillations may progressively change as a Brain Topogr (2016) 29:824-833 825 function of development. The objective of the current investigation was to use high-density MEG to begin to address these knowledge gaps by quantifying the spatiotemporal dynamics of cortical beta oscillations in a group of children and adolescents who were performing a goal directed target-matching task with the knee joint.
Materials and Methods

Subjects
The Institutional Review Board at the University of Nebraska Medical Center reviewed and approved the protocol for this investigation. Twenty typically developing children between the ages of 11-19 years of age with no neurological, cognitive or musculoskeletal impairments participated in this investigation. All of the parents provided written consent that their child could participant in the investigation and the children assented.
MEG Data Acquisition and Experimental Paradigm
The neuromagnetic responses were acquired with a bandwidth of 0.1-330 Hz and were sampled continuously at 1 kHz using an Elekta Neuromag system (Helsinki, Finland) with 306 MEG sensors, including 204 planar gradiometers and 102 magnetometers. All recordings were conducted in a one-layer magnetically-shielded room with active shielding engaged for advanced environmental noise compensation. During data acquisition, the children were monitored via real-time audio-video feeds from inside the shielded room. A custom built head stabilization device that consisted of a series of inflatable airbags that surrounded the sides of the head and filled the void between the head and MEG dewar was worn for all data collections. This system stabilized the head and reduced the probability of any large head movements occurring during the data collections. The children were seated upright in a magnetically silent chair during the experiment. A custom-built magnetically silent force transducer was developed for this investigation to measure the isometric knee extension forces generated by the children (Fig. 1a) . This device consisted of a 20 9 10 cm airbladder that was inflated to 317 kPa, and fixed to the anterior portion of the lower leg just proximal to the lateral malleoli. A thermoplastic shell encased the outer portion of the airbladder and was secured to the chair with ridged strappings. Changes in the pressure of the airbag as the child generated an isometric contraction were quantified by an air pressure sensor (Phidgets Inc., Calgary, Alberta, CA) and were subsequently converted into units of force.
The experimental paradigm involved the child generating an isometric knee extension force with their left knee that was directed at matching target forces that were between 5 and 30 % of the child's maximum isometric knee extension force. The target force was visually displayed as a box and the force generated by the child was shown as a smaller box that was animated vertically, based on the isometric force generated (Fig. 1b) . The target forces were presented in a random order, and a successful match occurred when the box that represented the child's isometric force was inside the target box for 0.3 s. A fixation cross was displayed on the screen after the child matched the target. The stimuli were shown on a backprojected screen that was approximately *1 m in front of the child and at eye-level. The epochs of each trial were 10 s in duration (-5.0 to ?5.0 s), with the onset of the isometric force defined as 0.0 s. For the experiment, each child completed 120 target matching trials in order to optimize the signal-to-noise ratio of the MEG data collections. Potential fatigue effects were mitigated in this investigation since there was ample time between muscular contractions, and the presented targets were at a low-force level that was specific to each participant's maximal force capacity.
MEG Coregistration & Structural MRI Processing
Structural MRI data were acquired using a Philips Achieva 3T scanner. High-resolution T1-weighted sagittal images were obtained with an eight-channel head coil using a 3D fast field echo sequence with the following parameters: FOV: 24 cm, 1 mm slice thickness, no gap, in-plane resolution of 1.0 9 1.0 mm and sense factor of 2.0.
Four coils were affixed to the head of the child and were used for continuous head localization during the MEG experiment. Prior to the experiment, the location of these coils, three fiducial points and the scalp surface were digitized to determine their three-dimensional position (Fastrak 3SF0002, Polhemus Navigator Sciences, Colchester, VT, USA). Once the child was positioned for MEG recording, an electric current with a unique frequency label (e.g., 322 Hz) was fed to each of the four coils. This induced a measurable magnetic field and allowed each coil to be localized in reference to the sensors throughout the recording session. Since the coil locations were also known in head coordinates, all MEG measurements could be transformed into a common coordinate system. With this coordinate system (including the scalp surface points), each child's MEG data were coregistered with native space structural T1-weighted MRI data using the three external landmarks (i.e., fiducials) and the digitized scalp surface points prior to source space analyses. Structural MRI data were aligned parallel to the anterior and posterior commissures and transformed into the Talairach coordinate system (Talairach and Tournoux 1988) using BrainVoyager QX version 2.2 (Brain Innovations, The Netherlands).
MEG Pre-processing, Time-Frequency Transformation, & Statistics
Using the MaxFilter software (Elekta), each MEG data set was individually corrected for any subtle head motion that may have occurred during task performance, and subjected to noise reduction using the signal space separation method with a temporal extension (Taulu and Simola 2006). Artifact rejection was based on a fixed threshold method, supplemented with visual inspection. The continuous magnetic time series was divided into epochs of 10.0 s in duration. For all time windows, 0.0 s was defined as the onset of the isometric force and the baseline was defined as -3.9 to -3.6 s. Artifact-free epochs for each sensor were transformed into the time-frequency domain using complex demodulation (resolution: 2.0 Hz, 0.025 s) and averaged over the respective trials. These sensor-level data were normalized by dividing the power value of each time-frequency bin by the respective bin's baseline power, which was calculated as the mean power during the -3.9 to -3.6 s time period. This baseline time window was selected based on our inspection of the sensor level absolute power data, which showed that this time period was quiet and did not encapsulate the peri-movement beta ERD. The specific beta time-frequency windows used for imaging were determined by statistical analysis of the sensor-level spectrograms across the entire array of gradiometers. Each data point in the spectrogram was initially evaluated using a mass univariate approach based on the general linear model. To reduce the risk of false positive results while maintaining reasonable sensitivity, a two stage procedure was followed to control for Type 1 error. In the first stage, one-sample t-tests were conducted on each data point and the output spectrogram of t-values was thresholded at p \ 0.05 to define time-frequency bins containing potentially significant oscillatory deviations across all participants and conditions. In stage two, time-frequency bins that survived the threshold were clustered with temporally and/ or spectrally neighboring bins that were also above the (p \ 0.05) threshold, and a cluster value was derived by summing all of the t-values of all data points in the cluster. Nonparametric permutation testing was then used to derive a distribution of cluster-values and the significance level of the observed clusters (from stage one) were tested directly using this distribution (Ernst 2004; Maris and Oostenveld 2007) . For each comparison, at least 10,000 permutations were computed to build a distribution of cluster values. Further information about this method is available in our recent papers Wilson et al. 2014 Wilson et al. , 2015 Heinrichs-Graham and Wilson 2015a, b; Proskovec et al. 2016) .
These analyses identified that significant peri-movement beta ERD was present in a large number of sensors near the sensorimotor cortex in the 16-24 Hz beta range from about 0.3 s before movement onset until about 1.2 s afterward (p \ 0.0001, corrected). In order to identify the dynamics more precisely, the time range of the significant 16-24 Hz beta ERD activity was divided into 5 non-overlapping time windows (i.e., -0.3 to 0.0 s, 0.0-0.3 s, 0.3-0.6 s, 0.6-0.9 s, and 0.9-1.2 s), and the mean power within these windows were independently imaged in each participant using a baseline period of -3.9 to -3.6 s to determine the time dependent changes within the precise brain regions generating these significant oscillatory responses. Fig. 1 a Depiction of the custom-built pneumatic force transducer that is positioned just proximal to the lateral malleolus of the child. b The isometric knee extension force generated by the child animates the yellow box to ascend vertically to match the green target box (Color figure online) Brain
MEG Source Imaging & Statistics
A minimum variance vector beamforming algorithm was employed to calculate the source power across the entire brain volume (Gross et al. 2001 ). The single images were derived from the cross spectral densities of all combinations of MEG sensors within the beta frequency (16-24 Hz) and time ranges of interest, and the solution of the forward problem for each location on a grid specified by input voxel space. Following convention, the source power in these images were normalized per subject using a separately averaged pre-stimulus noise period of equal duration and bandwidth (van Veen et al. 1997; Hillebrand et al. 2005 ). Thus, the normalized power per voxel was computed for the beta ERD over the entire brain volume per participant at 4.0 9 4.0 9 4.0 mm resolution. Each child's functional images, which were co-registered to anatomical images prior to beamforming, were transformed into standardized space using the transform previously applied to the structural MRI volume and spatially resampled (Talairach and Tournoux 1988) . MEG pre-processing and imaging used the BESA software (BESA v6.0; Grafelfing, Germany). One-sample t-tests were used to calculate statistical parametric maps (SPM) showing regions with significant beta oscillatory activity. Images were thresholded at (p \ 0.001) and a cluster-based correction method (i.e., 40 contiguous voxels), based on the theory of Gaussian random fields, was applied to the supra-threshold voxels to reduce the risk of false positive findings resulting from the multiple comparisons. Thus, we imaged these responses using beamforming, and statistically evaluated the resulting 3D maps of functional brain activity using a mass univariate approach based on the general linear model. The amplitude values of the peak beta voxels in specific time bins were subsequently extracted for each child for further analyses.
Motor Behavioral Data
The output of the force transducer was concurrently collected at 1 kHz during the MEG experiment and was used to quantify the child's motor performance. The formulation of the motor plan was assumed to be behaviorally represented by the child's reaction time. The reaction time was calculated based on the time from when the target was presented to when force production was initiated. The amount of error in the feedforward execution of the motor plan was behaviorally quantified based on the percent overshoot of the target. Finally, the time to match the target was used to quantify the online corrections that were made after the initial motor plan was executed. The online corrections were calculated based on the time difference between the reaction time and the time to reach the target.
Relationship Between Age, Beta ERD and Motor Performance
Spearman rho rank order correlations were used to determine the rank order relationships between the amplitudes of the peak beta voxels within the respective time bins, the child's age and the respective motor behavioral data. All statistical analysis were performed with SPSS statistical software (IBM, Armonk, NY) using a 0.05 alpha level. Figure 2 displays the anatomical time course of beta ERD activity prior to and throughout the goal directed isometric leg motor task. As seen in this figure, a beta ERD response endured throughout the leg motor task. However, it was strongest during the motor planning period (-0.3 to 0.0 s) and encompassed the medial pre/postcentral gyri, SMA and inferior/superior parietal cortices bilaterally. Within this area of significant activity, local maximums (i.e., peak voxels) were identified in the leg region of the left and right pre/post-central gyri, as well as the left superior parietal lobule.
Results
Temporal Evolution of the Beta Oscillations
During the 0.0-0.3 s time period, the strength of the beta ERD decreased in all regions identified in the earlier time bin (-0.3 to 0.0 s), although significant activity was sustained in the three local maximums of interest. Beta ERD continued to decrease in the subsequent 0.3-0.6 s time window, and progressively diminished in amplitude and became more spatially restricted in the 0.6-0.9 and 0.9-1.2 s time windows. In fact, within the final 0.9-1.2 s time window, the cortical location of the beta ERD was restricted to the right superior parietal cortices.
Relationship Between Age, Beta ERD and Motor Performance
There was a positive rank order correlation between the reaction time and the amplitude of the beta ERD in the parietal cortices during the 0-0.3 s (rho = 0.50; p = 0.02; Fig. 3a ) and the 0.3-0.6 s time frames (rho = 0.46; p = 0.03; Fig. 3b ). These correlations suggest that a weaker beta ERD within the parietal cortices during these time frames was associated with a slower reaction time. We additionally found a positive rank order correlation between the time to match the target and the amplitude of the beta ERD in the parietal cortices during the 0.0-0.3 s time frame (rho = 0.49; p = 0.04; Fig. 3c ). Hence, a longer time to match the target was also related to a weaker beta ERD during the early portion of the motor action.
There were also negative rank order correlations between reaction time and the child's age (rho = -0.52; p = 0.02; Fig. 4a) , and the time to match the target and the child's age (rho = -0.46; p = 0.03; Fig. 4b ). These correlations implied that older children tended to have a faster reaction time and took less time to match the target. We also found a positive rank order correlation between the strength of the beta ERD in the superior parietal cortices during the -0.3 to 0.0 s time frame and the child's age (rho = 0.46; p = 0.03; Fig. 4c ). This relationship suggests that older children tended to have a weaker beta ERD in secondary motor cortices during the motor planning stage. Lastly, we also identified a negative rank order correlation between the strength of the beta ERD within the superior parietal cortices during the 0.3-0.6 s time frame and the child's age (rho = -0.50; p = 0.02; Fig. 4d ). This correlation implied that the older children had a stronger beta ERD during the early portion of the isometric force production.
Discussion
There is currently a void in the scientific literature on the cortical beta oscillatory activity that is associated with the production of leg motor actions. In addition, we have limited data on how these cortical oscillations may progressively change as a function of development. This investigation used high-density MEG to begin to fill these knowledge gaps by quantifying the spatiotemporal dynamics of cortical beta oscillations across a cross-section of typically developing children who performed a goaldirected isometric target-matching task with their knee joint. Our results showed that there was a prominent beta ERD that spanned the fronto-parietal cortices during the motor planning stage, and that the strength of this beta ERD became weaker and more spatially restricted as the children converged towards matching the target force. Our results also suggested that the strength of the beta ERD dynamics were related to the child's age and the characteristics of their motor performance. Our MEG results showed that there was a prominent beta ERD that was spread across the pre/postcentral gyri, SMA and parietal cortices during the motor planning stage. These results concur with prior studies that have reported broad activity across fronto-parietal regions when planning finger and hand motor actions (Jurkiewicz et al. 2006; Tzagarakis et al. 2010; Wilson et al. 2010 Wilson et al. , 2011 Wilson et al. , 2014 Tzagarakis et al. 2015; Heinrichs-Graham and Wilson 2015; Kurz et al. 2014a) . Within this broad area of activity, there were local maximas present in the leg region of the pre/post central gyri bilaterally, as well as the left superior parietal cortices. Such neural activity in the parietal cortex supports the notion that this cortical area is involved in planning of the sensorimotor transformations that are necessary for visually guided motor actions (Buneo and Anderson 2006; Beurze et al. 2007; Gallivan et al. 2011 Gallivan et al. , 2013 Valyear and Frey 2015) , whereas the activity within the leg region of the medial pre/post-central gyri likely represents the initialization of the motor actions that will be executed by the lower extremity musculature.
The beta ERD became notably weaker and more spatially restricted in both hemispheres as the child generated the knee isometric forces to match the target. During the initial onset of the isometric force (0.0-0.3 s), the maximal activity was located within the parietal cortices. Shortly thereafter, the strongest beta ERD responses were bilateral and located within the pre/post central gyri (0.3-0.6 s). We suggest that these temporal dynamics may represent the parietal cortices initiating online corrections to the feedforward motor command, followed by these corrections being implemented by the sensorimotor cortices. Our premise for this notion is supported by a prior transcranial magnetic stimulation (TMS) study, which showed that disrupting the parietal cortices impacts the online corrections of feedforward motor actions (Della-Maggiore et al. 2004 ). In the later time windows (0.6-1.2 s), the participant was closer to completing the target matching task and the peak activity resided within the superior parietal cortices of both hemispheres. This sustained activity within the parietal cortices may be related to neural computations serving the extended visuomotor transformations, which would be needed for matching the target in the current task.
Our rank order correlation analysis identified that a longer reaction time was related to a weaker beta ERD within the left parietal cortices during the 0.0-0.6 s time period. Additionally, we found that a weaker beta ERD within the parietal cortices during the 0.0-0.3 s time period Fig. 4 Rank order correlations between a the child's reaction time and age, b time to match the target and age, c the strength of the beta ERD within the parietal cortices during the motor planning period (-0.3 to 0.0 s) and the child's age, and d the strength of the beta ERD within the parietal cortices during the isometric force performance period (0.3-0.6 s) and the child's age. Overall these correlations imply that the older children had faster reaction times and took less time to match the target. In addition, the older children also tended to have a weaker ERD during the motor planning period and a stronger ERD during the performance period was related to a longer time to match the target. Together these results implied that a weaker beta ERD during the isometric force production was related to a delay in initiating the movement and accurately completing the motor task. A prior investigation highlighted that the parietal cortex is likely involved in processing temporal information for assessing sensory perceptions and motor actions (Bueti et al. 2008) . Potentially these correlations imply that a weaker beta ERD within the parietal cortices during the movement is related to the recognition of an aberrant feedforward motor plan, due to temporal inconsistencies between incoming sensory feedback the ongoing motor action.
There were negative rank order correlations between the child's age, reaction time and time to match the target. These findings suggested that the older children tended to have faster reaction times and took less time to match the targets. This relationship concurs with prior studies that have shown that younger children take longer to initiate and match targets that are within the hand, arm and knee range of motion workspace (Yan et al. 2000; ContrerasVidal et al. 2005; Davies et al. 2015) . We suggest that the noted age-motor performance correlations may indicate that younger children have an internal model that is more primitive due to fewer experiences with visuomotor transformations.
There also was a negative rank order correlation between the child's age and the strength of the beta ERD within the superior parietal cortices during the motor planning stage. This relationship implied that the older children tended to have a weaker beta ERD while planning their motor action, which is consistent with a prior study of finger movements that found that the strength of motorrelated beta oscillatory activity systematically decreases in secondary motor regions throughout development (Wilson et al. 2010) . The current working hypothesis is that a weaker beta ERD during the motor planning stage likely represents a greater amount of certainty for successfully completing a motor action (Kaiser et al. 2001; Alegre et al. 2003; Tzagarakis et al. 2010; . Hence, it is plausible that the weaker beta ERD seen in this study may indicate that older children had greater confidence in performing the neural computations for successfully matching the target. This notion is reinforced by the age-motor performance correlations indicating that older children spent less time planning and correcting their feedforward motor actions.
Our correlation analyses also indicated that the older children tended to have a stronger beta ERD within the superior parietal cortices during the 0.3-0.6 s time window. Aligned with our prior interpretation, we suggest that the weaker beta ERD seen in the younger children during this time period may reflect temporal inconsistencies between incoming sensory feedback and the ongoing motor action. This perspective aligns with our view that the agebeta ERD relationships are related to the maturation of the internal model. Along a similar line, we did not observe a significant post-movement beta rebound in this study (PMBR) . This neural response is thought to reflect sensory feedback and is commonly seen in motor control studies of adults (e.g., Wilson et al. 2014) . However, prior developmental studies have shown that the PMBR response is absent in children (Gaetz et al. 2010) , and our results are fully consistent with such findings.
The results of this investigation have begun to illuminate how development may influence the cortical beta oscillations that are involved in the planning and execution of leg motor actions. Pharmacological studies have revealed that the strength of the beta ERD measured by MEG is related to GABAergic activity in local interneurons (Muthukumaraswamy et al. 2013; Hall et al. 2011 ). In addition, magnetic resonance spectroscopy (MRS) studies have shown that older children may have greater concentrations of the inhibitory GABA neurotransmitter within the sensorimotor cortices (Gaetz et al. 2011) . Taken together, it is possible that the age related beta ERD correlations seen in this investigation may be partially driven by increased activity in GABAergic interneurons with development. Although this premise seems feasible, further studies are necessary to explore how changes in GABA neurotransmitter levels may be intertwined with the changes in beta cortical oscillations seen in this investigation. More importantly, there is a critical need to identify at what developmental stage the cortical oscillations converge with what is seen in adults. We suspect that this developmental change will be partially linked with the maturation of the fiber tracts that serve the cortical areas identified in this investigation. Understanding this potential link is critical for advancing translational studies of the sensorimotor system in patients with developmental disabilities (e.g., Kurz et al. 2014b Kurz et al. , 2015a Wilson et al. 2016) , and should be considered high priority for clinical studies of motor control.
